Abstract: Multi-temporal Landsat images from Landsat 5 Thematic Mapper (TM) acquired in
Introduction
Land use/land cover (LULC) change is an alteration of the Earth's surface made by human activities [1] . These changes are significant land surface conversions [2] and they are important factors for environmental degradation in any landscape [3] . Humans have largely influenced the Earth environment by changing the LULC dynamics [4] . Several natural and human factors cause LULC changes (LULCCs) within the confines of social, economic and political circumstances [5] . Furthermore, the conversion and modification of the LULCC that are induced largely by human activities and natural processes create problems that influence the environment [4] . Accordingly, agricultural land is most vulnerable to those changes under conflict and political forces [6] in addition to the human habitat itself. Furthermore, analysing, modelling and understanding the transformation of LULCC is significant for several planning and management activities [7, 8] . Observing past LULCC assists in understanding the trends of changes and futuristic extrapolations. That is why, past, current and future change knowledge plays a significant role in the decision making development [9] .
In general, Iraq witnessed major political events between 1990 and 2003. On second August 1990, Iraq occupied Kuwait and thereafter the United Nations Security Council applied a comprehensive set of sanctions on Iraq and the Iraqi Kurdistan region [10] . The sanctions on Iraq lasted thirteen years, started in 1990 and ended in 2003 [11] after the United States and United Kingdom military occupation of Iraq. Thus, the year 2003 was a turning point between two different socio-economic and political conditions. Though, pre-2003 represents the period of Iraq under sanctions and post-2003 is the period of Iraq after sanctions, which signifies a resumption of food imports [6] . The villages of the first national park in Iraq Halgurd-Sakran National Park (HSNP) with its three zones (core, outer and additional outer) [3] are influenced extremely by the agricultural economy and economic development over the past three decades [12] .
However, there are insufficient studies in HSNP to detect and recognise the role of drivers of specific types of LULC change. In this context, there is an urgent need to estimate changes in land use over time and predict future scenarios of HSCZ. Therefore, the main objectives for this study were to (1) analyse the spatio-temporal changes of LULC in last three decades from 1993 to 2017 and to (2) predict land use maps for 2023 using spatial modelling (Markov Chain and Cellular Automata) in Land Change Modeller [1] .
Background and Analysis of the Literature
Land Change Models are important tools for environmental and geomatics research concerning LUCC [13] . Monitoring and analysis of changes in LULC are needed in order to provide information on existing land use patterns and changes [14] for decision makers to support sustainable development [15] . LULCC models are used to improve and/or better understand of the alteration of land use that is induced by human activities [16] .
The aim of the Land Change Modeller (LCM) embedded in TerrSet is for visualizing change and producing models [17] , particularly in the case of stable land cover rather than rapid change situations [18] . Three sections of results can be identified in LCM: the quantitative assessment of different LULC categories, net change of each LULC class and the contributors to the net change experienced by each LULC category. The LCM in TerrSet is easy to use and has relatively low level data requirements [19] . Furthermore, LULC change analysis, transition potential modelling and LULC change prediction has three major steps, which predict future LULC based on the historical change of LULC maps. Models of land use change in LCM can also be created [20] .
The location and magnitude of LULCC are two important issues that are addressed in modelling it. Further, LULCC models show part of the complication of land use systems. Thus, temporal and spatial changes in a specific area can be evaluated by future LULCC simulation [21] . A significant stage in the modelling process is the model calibration and validation for predicting future changes [4] . The simulation of the past and future change within the LULCC model aims to understand and quantify the processes that affect LULCC [22] . Moreover, the main aim of model validation is the assessment of the accuracy of the predictions. In the validation process, a comparison would be made between predicted land cover and an observed land cover map derived from satellite images [16] .
Remote sensing and geographic information systems are powerful tools in change analysis and simulation of LULC [1] . They are broadly used for understanding of LULC changes through determination of the past and the present [23] . Continuous data from Landsat imagery provides valuable information that can be used as input for prediction studies [4] . The accuracy of the analysis of past and present conditions plays bigger role in the quality of predicted changes [23] .
Numerous previous studies have examined the simulation of land use changes pattern by using a CA-Markov model. Parsa et al. [24] successfully used the CA-Markov model in Arasbaran biosphere reserve-Iran to predict the future LULC, which serves land use planners and policy makers in order to make appropriate decisions for future land use challenges. They indicated that using a CA-Markov model can be useful in land use policy design and it may also be used as an early warning system. However Ozturk [23] did a comparison between CA-Markov chain and Multi-layer Perceptron-Markov Chain (MLP-MC) models to predict future change in LULC for the urban growth simulation of Atakum, Samsun in Turkey. According to the authors, the MLP-MC model gave superior results for projected scenario simulation than CA-Markov model. On the other hand, Regmi et al. [8] compared CA-Markov and GEOMOD models to analyse and model the LULC dynamics in the Phewa lake watershed in Nepal. They found that CA-Markov chains were quite good as an operational model in projecting future LULC scenario. Many driving forces have been used in those simulations, such as infrastructure and socio-economic drivers (road network & human settlement) and terrain physical drivers Digital Elevation Model (DEM derived slope). The results indicate that the driver forces have influenced the spatial pattern of the watershed LULC.
To sum up, from all the above authors, it was found that LULCC is a complicated process and the Markov based cellular automata model for prediction offers a wide understanding about the complexity of the components of spatial systems. Many factors can be added into the model to improve the simulation accuracy. Combined Cellular Automata-Markov chain model is capable of generating a better spatio-temporal pattern of the LULC change [25] . Therefore, the CA-Markov model would be good model for the current study as the Markovian model estimates the quantity of change and a CA model geographically evaluates the spatial change. For that reason, the model is suitable to be implemented to predict the future changes for 2023.
Method Description

The Study Area and LULC Map Preparations
Halgurd-Sakran Core Zone (HSCZ) is located in the north east of Erbil-Iraq. It shares borders with Iran along the Zagros Mountain Range (Figure 1 ). The specific site selected for modelling is HSCZ, located in the Kurdistan Region. biosphere reserve-Iran to predict the future LULC, which serves land use planners and policy makers in order to make appropriate decisions for future land use challenges. They indicated that using a CA-Markov model can be useful in land use policy design and it may also be used as an early warning system. However Ozturk [23] To sum up, from all the above authors, it was found that LULCC is a complicated process and the Markov based cellular automata model for prediction offers a wide understanding about the complexity of the components of spatial systems. Many factors can be added into the model to improve the simulation accuracy. Combined Cellular Automata-Markov chain model is capable of generating a better spatio-temporal pattern of the LULC change [25] . Therefore, the CA-Markov model would be good model for the current study as the Markovian model estimates the quantity of change and a CA model geographically evaluates the spatial change. For that reason, the model is suitable to be implemented to predict the future changes for 2023.
Method Description
The Study Area and LULC Map Preparations
Halgurd-Sakran Core Zone (HSCZ) is located in the north east of Erbil-Iraq. It shares borders with Iran along the Zagros Mountain Range (Figure 1 ). The specific site selected for modelling is HSCZ, located in the Kurdistan Region. Five Landsat images were used in this study : 1993, 1998, 2003, 2008 and 2017 (Table 1) . Four Landsat 5 Thematic Mapper (TM) and one Landsat 8 Operational Land Imager (OLI) from the United State Geological Survey (USGS) were downloaded [26] . The processing of the image classification was carried out using (ENVI) version 5.3. Atmospheric correction and radiometric correction using Fast Line-of-sight Atmospheric Analysis of Hypercubes (FLAASH) in ENVI 5.3 were applied to the images. Random forest classification in R [27] was applied to all images. Based on our previous studies [10, 28] LULC classes were categorised into four classes namely; bares surface, pasture, cultivated area and forest land. A confusion matrix was used to assess the overall classification accuracy for estimating the quality of the classified images. The overall accuracy, users accuracy, producers accuracy and kappa statistics were computed for the accuracy assessment [29] . [26] . The processing of the image classification was carried out using (ENVI) version 5.3. Atmospheric correction and radiometric correction using Fast Line-of-sight Atmospheric Analysis of Hypercubes (FLAASH) in ENVI 5.3 were applied to the images. Random forest classification in R [27] was applied to all images. Based on our previous studies [10, 28] LULC classes were categorised into four classes namely; bares surface, pasture, cultivated area and forest land. A confusion matrix was used to assess the overall classification accuracy for estimating the quality of the classified images. The overall accuracy, users accuracy, producers accuracy and kappa statistics were computed for the accuracy assessment [29] . Figure 2 ). Thus, all images were reclassified because TerrSet's Land Change Modeller assumes that cells with a value of 0 are background. The overall distribution in square kilometres of LULC for years 1993, 1998, 2003, 2008 and 2017 is showing in Table 2 . 
Simulation of LULC Change Using CA-Markov Model
The CA-Markov model is one of the commonly used models among many LULC modelling tools and techniques, which models both spatial and temporal changes [8, 31] . CA-Markov model combines cellular automata and Markov chain to predict the LULCC trends and characteristics over time [32] . Moreover, the CA-Markov model is one of the planning support tools for analysis of temporal changes and spatial distribution of LULC [33] . Additionally, this model is widely used to characterize the dynamics of LULC, forest cover, urban sprawl, plant growth and modelling of watershed management. It is also important to land use policy design and planning and objectives of sustainable land use development [34] . Therefore, it is prerequisite to study the historical LULCC in order to understand the interactions between humans and the environment from a long-term perspective [35] .
The Markov Model
This model is often used in monitoring, ecological modelling, simulation changes, trends of the LULC and to predict the amount of the land use change and the stability of future land development in the area of interest [24, 31, 36] . Burnham [37] first used this model for land use modelling. Simply said, a Markov chain model describes the LULC change from one time to another in order to predict future change [38, 39] . Equation (1) explains the calculation of the prediction of land use changes:
where S (t) is the system status at time of t, S (t + 1) is the system status at time of t + 1; Pij is the transition probability matrix in a state which is calculated as follows [38, 40] : The overall distribution in square kilometres of LULC for years 1993, 1998, 2003, 2008 and 2017 is showing in Table 2 . 
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where S (t) is the system status at time of t, S (t + 1) is the system status at time of t + 1; P ij is the transition probability matrix in a state which is calculated as follows [38, 40] : 
P is the transition probability; P ij stands for the probability of converting from current state i to another state j in next time; P N is the state probability of any time. Low transition will have a probability near (0) and high transition have probabilities near (1) [38] . Markov Chain determines exactly how much land would be estimated to change from the latest date to the predicted date. The transition probabilities file is the output in this process, which is a matrix that records the probability that each land cover class will change to every other class. Through the Markov chain modelling, the analysis of two different dates of the LULC images induces the transition matrices, a transition area matrix and a set of conditional probability image [19] . The Markov chain model consists of two significant probabilities:
The Markov Chain-Transition Probability Matrix "Transition models may be particularly useful when factors causing landscape change (e.g., socio-economics) are difficult to represent mechanistically" [41] . In order to predict the LULC map of 2003 in the first scenario and 2017 in the second scenario, the transition probability matrix has been calculated for the time periods of the first scenario as 1993-1998, 1998-2003 and 1993-2003 . Whereas, for the second scenario the transition probability matrix has been calculated for the time periods of 2003-2008, 2008-2017 and 2003-2017 . The transition probability matrices are derived from Markov chain analysis [42] and they are considered as is the key finder in the Markovian chain [23] .
Preparation of Suitability Map and Calibration of the CA-Markov Model
The probability of one pixel changing to another LULC or remaining in the original LULC can be estimated through generating a probability transition matrix. In general, the transition matrix is important for predicting the future classification map [19, 43] .
The CA-Markov Chain Model (CA-MCM)
The integration of the CA-Markov model is considered to be valuable for modelling land use changes and able to simulate and predict changes [4, 24] . The CA-Markov model is the combination of Cellular Automata and transition probability matrix generated by the cross tabulation of two different images [4] . This combination of CA-Markov model provides a robust approach in spatio-temporal dynamic modelling [4, 44] . Furthermore, CA uses with Markov to add spatial character to the model. On other words, CA-Markov chain can simulate two-way transitions among any number of categories and can predict any transition among any number of categories [45, 46] .
It is worth mentioning that, the Cellular Automata is a dynamic process model that is used for the land use cover change. This kind of model is properly common in the land use modelling literature. Each cell with their own characteristics can represent parcels of land and can represent self-growth interactions as they are dynamic and reduplicate [16] . Furthermore, the land use changes for any location (cells) can be clarified by the existing state and changes in neighbouring cells and can simulate the growth of things in two directions. This model is broadly used in spatial model for predicting future land use [24, 46] .
The important properties of CA is that they demonstrate the spatial and dynamic process and that is why they have been broadly used in land use simulation [46] . Besides, the state of each cell depends on the spatial and temporal state of its neighbours [47] . Equation (4) shows the expression of CA model [36, 40] .
where S (t + 1) is the system status at time of (t, t + 1); functioned by the state probability of any time (N).
The standard contiguity filter of 5 × 5 pixels was used on suitability images to define neighbourhoods of each cell of land cover class. In order to significantly influence the cellular centre, the centre of each cellular is enclosed by a matrix space, which is composed by 5 × 5 cells. The 5 × 5 spatial filter causes the gain of a category to occur near where the category already existed. Furthermore, this kind of CA contiguity filter rules out to change land use randomly [48] . Moreover, to predict 2003 and 2017 LULC maps the neighbouring pixels were used to create spatially explicit contiguous weights to predict 2003 and 2017 LULC maps. In this case assumes that for example, a pixel near to a bare surface area is most likely to be changed into barren land [40, 49, 50] . "Furthermore, the more cells of the same class of land cover occur in the neighbourhood, the more the suitability value for that specific land cover type increases." Otherwise, the pixel value leftovers the same [50] . Thus, the state of a cell could be changed based on its neighbours as a result of the development contiguity of weighting factor. In other words, the pixels that are near from the existing land-use category have higher suitability than the pixels that are far [32] . The standard contiguity filter used for analysis was
In terms of the validation of CA-Markov prediction and in order to evaluate the performance of the induced model, the process of validation of the predicted map based on actual map is attained. In this study for validating the results, the land use condition of 2003 and 2017 was estimated and compared with actual land use maps in both scenarios [42, 51] . Three indicators; Kappa for no ability (κ no) Kappa for location (κ location) and Kappa for quantity (κ quantity) were used for validating the CA-Markov model for prediction the LULC. Kappa for no ability (κ no ) provides overall accuracy of a simulation run, while κ location and κ quantity indices validate the location and quantity between the real and simulated maps [45, 52, 53] . Actually, the use of the three parameters, κ no, κ location and κ quantity in simulation evaluation is strongly recommended [54] .
Finally, the simulation is well-defined, when the value of indicators are equal to 1 and unsatisfactory when it is equal to 0 [4, 42] . Eastman stated that 0.80 is acceptable accuracy rate to make plausible future predictions [55] .
Scenario Modelling
The business as usual (BAU) scenario "is a reference case scenario based on past and recent socio-economic trends" [56] . Land change Modeller imbedded in TerrSet was used in this study to predict the LULC map in 2023. A type of question can be asked to identify forecasting models or (scenario models). A future situation can be described from a certain starting point and certain expectation for the model about crucial developments (a scenario). The modelling and projection of land use change is important for scenario analysis and land use cover change assessment [57].
Model Calibration and Simulation Implementation
Following calibration and validation, a scenario-driven CA-Markov model approach was then used to simulate future LULC changes. We have simulated LULC changes under two different historical BAU scenario LULC change observations, based on the Markov-cellular automata (M-CA) model.
The images from 1993 and 1998 were used for calibration and optimisation of the Markov chain algorithm, while the image from 2003 was used for validating the predictions of CA-Markov [4] . Therefore, this period was assumed as the first BAU scenario for our study, which represents the period under siege [10] . The changes between two times periods (time 1 and time 2) are modelled using the real land cover maps in order to predict the land cover map at time 3. To validate the model, the simulated land cover maps (time 3) are examined against (time 3)'s real map. Moreover, the land cover map for 1993 is the earliest image (time 1) and 1998 is the latest land cover map (time 2) to simulate the projected 2003 map (time 3), which will be examined against the 2003's real map. Thus, to validate the accuracy of the model, the simulated land cover map was compared to the actual map [23] .
The The images from 1993 and 1998 were used for calibration and optimisation of the Markov chain algorithm, while the image from 2003 was used for validating the predictions of CA-Markov [4] . Therefore, this period was assumed as the first BAU scenario for our study, which represents the period under siege [10] . The changes between two times periods (time 1 and time 2) are modelled using the real land cover maps in order to predict the land cover map at time 3. To validate the model, the simulated land cover maps (time 3) are examined against (time 3)'s real map. Moreover, the land cover map for 1993 is the earliest image (time 1) and 1998 is the latest land cover map (time 2) to simulate the projected 2003 map (time 3), which will be examined against the 2003's real map. Thus, to validate the accuracy of the model, the simulated land cover map was compared to the actual map [23] .
The Table 3 illustrates the producers, users, overall accuracies and kappa statistics of the various LULC classes in the Halgurd-Sakran Core Zone land cover maps for different periods. The results revealed that the overall accuracy and kappa statistics for all classified images were 97% and 0.96 respectively. Figure 4 shows the gains and losses in LULC in different time periods. During the second period, the bare surface has the highest amount of gains 39.33 km 2 and it has been lost 30.26 km 2 with net gain of 9.07 km 2 . Concerning the pasture, the highest surface area lost was 30.37 km 2 and gain was 29.61 km 2 with a slight net loss of 0.76 km 2 . Cultivated land has been lost 9.46 km 2 and gained 5.57 km 2 with net loss of 3.89 km 2 . Forest land has been lost 11.23 km 2 and gained (Figure 4 ).
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Table 3 illustrates the producers, users, overall accuracies and kappa statistics of the various LULC classes in the Halgurd-Sakran Core Zone land cover maps for different periods. The results revealed that the overall accuracy and kappa statistics for all classified images were 97% and 0.96 respectively.
Second Scenario
The LULC changes under second scenario conditions were evaluated by gains and losses experienced by different classes using LULC maps of 2003, 2008 and 2017 using change analysis tool available in LCM in TerrSet. Figure 5 shows the gains and losses in LULC for the second scenario. During the second period, the bare surface has the highest amount of gains 39.33 km 2 (Figure 4 ).
The LULC changes under second scenario conditions were evaluated by gains and losses experienced by different classes using LULC maps of 2003, 2008 and 2017 using change analysis tool available in LCM in TerrSet. Figure 5 shows the gains and losses in LULC for the second scenario. 
Markov Chain Model Analysis
This procedure contains two significant matrices of probabilities, which are the transition probability matrix and the conditional probability images. Table 4 displays the summary of the probability matrix for major LULC conversions for all classes in HSCZ that took place between 1993 and 1998 of the first scenario. For instance, the probability of change for bare surface to bare surface from 1993 to 1998 is 60.35%, while the probability of future change of bare surface to pasture land is 34.48% and so on for other LULC classes. In the second period (between 1998 and 2003), the probability of change for example, forest to forest is 50.16%, while the probability of future change of forest patch to pasture land is 4.60% (Table 5 ). Row categories in Table 6 characterise LULC classes in 1993 whilst column categories characterise classes of 2003. The pasture land had a probability as high as 68.23% to remain as pasture in 2003. Bare surface land also had a probability as high as 62.79% to remain as barren land in 2003. Concerning the forest and cultivated lands were lesser amount of probability by 52.30% and 41.24% respectively to remain as they are.
First Scenario
The cross-tabulation matrices are represented in Tables 4-6 for the first scenario. Tables display the decreasing and increasing of the transition probabilities over three time periods, from 1993 to 1998, 1998 to 2003 and 1993 to 2003. Subtracting the persistence (diagonal entries) from the total column for each group obtains the gain, while subtracting the persistence from the total row for each group obtains the loss. (Tables 7-9 ) were developed for the second scenario. Table 7 displays the summary of the probability matrix for major LULC conversions for all classes in HSCZ that took place between 2003 and 2008. The probability of change for bare surface to bare surface is 71.43%, while the pasture land had a probability of 51.83% to remain as pasture land in 2008. In the second period (between 2008 and 2017), the pasture land had the highest probability of 77. 52% to remain as pasture in 2017. Whereas, the bare surface, cultivated area and forest land had 71.54%, 63.29% and 65.93% respectively, to remain as they are (Table 8 ). In the third period (2003) (2004) (2005) (2006) (2007) (2008) (2009) (2010) (2011) (2012) (2013) (2014) (2015) (2016) (2017) of the second scenario, the bare surface had a probability of 79.91% to remain as bare surface in 2017. Pasture land had a probability as high as 80.09% to remain as pasture land in 2017. The forest land had lesser probability of 64.38% to remain as forest land, while the cultivated land had a probability as high as 73.34% to remain as cultivated land (Table 9) .
In On the other hand, the transition probability matrix and transition area matrix of the second scenario were developed for year 2017 using images 2003 (Tables 7 and 9 ). The reduction of cultivated land can be associated with the period of implying the "Oil-Food-Program" that improved somewhat the socio-economic change. Furthermore, "The first Iraqi oil under the Oil-for-Food Programme was exported in December 1996 and the first shipments of food arrived in March 1997" [11] . The reference and simulated maps for year 2003 were reasonably comparable or close especially for cultivated land, while for the rest of LULC there were differences between simulated and real maps. (Table 10 ). Figure 8 displays the projected 2023 of LULC classes of the study area assumed under the continuing sanctions on Iraq. Figure 9 . Figure 10 displays areas for simulated 2017 and real 2017 in square kilometres and for LULC classes in the HSCZ of the National park. The reference and simulated maps for year 2017 were reasonably similar for forest land, while for the other LULC classes there were almost slight differences between simulated and real maps. Figure 11 shows the projected 2023 map of LULC classes of the second scenario, whereas Table 11 displays the predictability areas of 2023, after rising the sanctions. Figure 9 . Figure 10 displays areas for simulated 2017 and real 2017 in square kilometres and for LULC classes in the HSCZ of the National park. The reference and simulated maps for year 2017 were reasonably similar for forest land, while for the other LULC classes there were almost slight differences between simulated and real maps. Figure 11 shows the projected 2023 map of LULC classes of the second scenario, whereas Table 11 displays the predictability areas of 2023, after rising the sanctions. 
Model Validation
Concerning the model validation and based on the comparison of predicted LULC of 2003 with actual LULC map of 2003 for the first scenario, the κ coefficient for quantity and location was derived. The statistics show that κ no is 0.8866, κ location is 0.8805, κ location strata is 0.8805 and κ standard is 0.8269 (overall κ), respectively. Thus, there are almost no or small quantification and location errors. The simulation for this scenario has perfect ability to specify location accurately and it also has perfect ability to specify quantity accurately. For validation purpose, Kappa Index of Agreement (κ IA ) was used for predicting the LULC map of 2003. Table 12 confirmed that the accuracy assessment of the classified data of 2003 is acceptable and reasonable for any applications based on κ IA . All κ index values exceed the minimum acceptable standard and they were greater than 80%, showing good agreement between predicted and actual LULC map [19, 55] . On the other hand, the statistics in the second scenario for κ no , κ location , κ locationStrata and κ standard predicted LULC of 2017 were 0.8318, 0.8936, 0.8543 and 0.8543 (overall κ), respectively. All κ IA values showed also a very good agreement between projected and actual LULC map. Hence, all values are greater than 80% for both scenarios, which proves that the Markov simulation model was well designed and the accuracy assessment was sufficiently accurate especially, for simulated map of 2017. Simultaneously, the simulation for the second scenario has also excellent ability to specify location accurately and quantity accurately.
Discussion
This study presents CA-Markov model of LULC change that provides an answer to the research question of where LULC changes are expected to occur under two business-as-usual scenarios. The first scenario describes a historical LULC change that was observed between 1993 and 2003 under the sanction period, which represents a period of economic conflict in the form of a comprehensive set of sanctions.
However, the second scenario of the BAU assumption examines the period of new political conditions and economic development that led to substantial improvement in the natural environment. Moreover, the current research was conducted without taking into consideration any driver forces that are playing an influential role in the land use changes because data and documentation were limited. Therefore, the scenario models reflect only the surrounding natural environment.
The overall results of LULC distribution for the predicted map in 2023 in the first scenario showed that the pasture land was the primary dominant land cover category. Meanwhile, bare surface class was the dominant class in the second scenario ( Figure 12 ). 
LULC Change Analysis Using LCM
All kappa index values in Table 12 are greater than 0.8, which indicates good agreement between predicted and observed LULC maps. A Markov chain model was used in both scenarios for predicting the state of 2023 (Figures 8 and 11 ). 
All kappa index values in Table 12 are greater than 0.8, which indicates good agreement between predicted and observed LULC maps. A Markov chain model was used in both scenarios for predicting the state of 2023 (Figures 8 and 11 ).
First Scenario
The first scenario would represent the period within the continuous sanction from 1993. The prediction has been conducted for 2023 based on BAU assumption, which sanction would have had (Figure 13) . Though, the natural resources in HSCZ will grow without destroying or over-exploiting the environment or the ecosystems. Thus, the natural resources remain diverse and productive over long periods of time. Furthermore, this can help to reduce the impacts of agriculture on natural environment, increasing the pasture land and preventing soil degradation and erosion.
Additionally, these prediction trends of LULC classes can be combined with increasing environmental involvement. Then again, the trends and predictions of the decreasing bare surface and increasing pasture land from 2003 to 2023 in HSCZ would have a serious impact on improving the ecosystem services and the rich biodiversity.
The period from 1993 to 2003 visualise a continuous decrease of cultivated land. High amount of area has been used in 1993 by farmers as a result of food demand and low income, which represents the start period of siege on Iraq. In 1998 the cultivated land has been decreased, which can be linked to the applying the "Oil-Food-Program" that started in December 1996 [11] . In this period, people lived in a better condition and used lesser area for land use as a result of better sustenance. After lifting the siege or after the Fall of Baghdad the cultivated area continued to decline, which indicates the improvement of life and economic boom. Moreover, a slight increase can be observed of forest land between 1993 and 1998. This can be explained and associated with also the "Oil-Food-Program." People stopped logging off the forest for temporary period. The inhabitants started again logging off trees after 1998 and the area of forest in the HSCZ decreased until 2003. From 1993 and 2003 a dynamic of bare surface can be identified in a heterogeneous landscape in HSCZ. The spatial pattern of the study area showed that there had been a steady increase in pasture land area from 1993 and 1998, while it decreased from 1998 to 2003. After the lifting of the sanctions on Iraq a steady increase in pasture land can be observed. Decreasing the bare surface and increasing the pasture land in the study area, especially in the steep areas, is reflected in the reduction of ecological problems including the decreasing of soil erosion and mudslides. Moreover, a slight increase can be observed of forest land between 1993 and 1998. This can be explained and associated with also the "Oil-Food-Program." People stopped logging off the forest for temporary period. The inhabitants started again logging off trees after 1998 and the area of forest in the HSCZ decreased until 2003. From 1993 and 2003 a dynamic of bare surface can be identified in a heterogeneous landscape in HSCZ. The spatial pattern of the study area showed that there had been a steady increase in pasture land area from 1993 and 1998, while it decreased from 1998 to 2003. After the lifting of the sanctions on Iraq a steady increase in pasture land can be observed. Decreasing the bare surface and increasing the pasture land in the study area, especially in the steep areas, is reflected in the reduction of ecological problems including the decreasing of soil erosion and mudslides.
Second Scenario
Meanwhile, the predicted LULC for 2023 of the second scenario indicates that the net percentage estimate would be 162. 46, 133.19, 23 .97 and 27.28 km 2 for bare surface, pasture, cultivated and forest-lands, respectively in HSCZ (Figure 14) . Moreover, the simulation scenario for year 2023 showed that there would be a slight decrease by 0.13 km 2 in the bare surface and a continuous increase in pasture area between 2017 and 2023. The cultivated area would decrease by 2.55 km 2 , while there would be an increase of the forest patch from 2017 to 2023 by 0.93 km 2 . Furthermore, the rate changes of predicted bare surface and pasture land were higher in first scenario compared to second scenario. Whereas, the rate of cultivated and forest land in both scenarios were almost lower.
Most bare surface in HSCZ covers the top of mountains [28] . Therefore, decreasing the rate of bare surface land formation leads to increasing in the infiltration and decreasing in the amount of runoff, which decreases the displacement of the upper layer of the soil during rainfall.
As a result, the model suggests that pasture land would suffer less erosion and the productivity would be improved by increasing of natural pasture in Halgurd-Sakran National Park in next 6 years. Forest land would increase in the park. Expanding the forest resources is the first measure of sustainable forest management. Decreasing barren land means that it would turn into forest, pasture or cultivated areas. The prediction of decreasing the cultivated land from 2017 to 2023 might be expected to the increases in socio-economic boom, which represents the period after siege.
In this study, the following factors were not considered: geophysical, climatic, socio-economic, distance to housing and road networks due to the lack of data availability. However, absence of these factors may cause differences in simulation results of land use structure. Therefore, further investigations are required through the implementation of each scenario (physical, economic and human factors as mentioned in Section 1) into different modelling and comparing between each model outputs at various spatial scales. In general, scenarios are intended to provide decision makers to have a control and monitor the potential occasions and challenges that future circumstances may possibly present.
Finally, this study was carried out based on the statistical independence test and validity of the CA-Markov process for predicting future LULC changes. A reliable forecast, is generating the model processing into the future or to the past [21] to better understand the dynamics of systems, make predictions and evaluate scenarios for use in assessment activities [16] . The overall findings from the general results indicate that the United Nations sanctions on Iraq had the greatest impact on cultivated area in HSCZ. human factors as mentioned in Section 1) into different modelling and comparing between each model outputs at various spatial scales. In general, scenarios are intended to provide decision makers to have a control and monitor the potential occasions and challenges that future circumstances may possibly present. Finally, this study was carried out based on the statistical independence test and validity of the CA-Markov process for predicting future LULC changes. A reliable forecast, is generating the model processing into the future or to the past [21] to better understand the dynamics of systems, make predictions and evaluate scenarios for use in assessment activities [16] . The overall findings from the general results indicate that the United Nations sanctions on Iraq had the greatest impact on cultivated area in HSCZ. 
Conclusions
Using the combined Markov and Cellular Automata future changes of LULC has been predicted for 2023 under two different scenarios. In this study, we quantified landscape changes using LCM in 
